Background: One of the fields of research in recent years that has been under focused is emotion recognition in electroencephalography (EEG) signals. This study provides a four-layer method to improve people's emotion recognition through these signals and deep belief neural networks. Methods: In this study, using DEAP dataset, a four-layer method is established, which includes (1) preprocessing, (2) extracting features, (3) dimension reduction, and (4) emotion identification and estimation. To find the optimal choice in some of the steps of these layers, three different tests have been conducted. The first is finding the perfect window in feature extraction section that resulted in superiority of Hamming window to the other windows. The second is choosing the most appropriate number of filter bank and the best result was 26. The third test was also emotion recognition that its accuracy was 92.93 for arousal dimension, 92.64 for valence dimension, 93.14 for dominance dimension in two-class experiment and 76.28 for the arousal, 74.83 for the valence, and 75.64 for dominance in three-class experiment. Results: The results of this method show an improvement of 12.34% and 7.74% in two-and three-class levels in the arousal dimension. This improvement in the valence is 12.77 and 8.52, respectively. Conclusion: The results show that the proposed method can be used to improve the accuracy of emotion recognition. This is an open access journal, and articles are distributed under the terms of the Creative Commons Attribution-NonCommercial-ShareAlike 4.0 License, which allows others to remix, tweak, and build upon the work non-commercially, as long as appropriate credit is given and the new creations are licensed under the identical terms.
Introduction
In today's world that various waves and signals surround humans, the use of these signals and waves in different cases is inevitable. In many cases, they are the solution of problems in different areas. As a result of activities, thoughts, ideas, and feelings of human beings, signals are generated in the brain. These signals can be analyzed and used in various ways. There are various types of human brain signals, of which electroencephalography (EEG) signals are the most widely used. This signal is an electrical signal that is generated as a result of brain activity. The signal also contains various information that can be used in different contexts. Among these contexts is individuals' emotion recognition against various sensory stimuli that are usually induced through observation and sometimes by ear and through human hearing.
During these stimulations, different feelings of individuals emerge in EEG brain
signals. These signals that contain useful information about people's feelings can be analyzed and emotions can be extracted. The importance of this task becomes clear when emotions, while only are imagined, appear in brain signals without moving a muscle. It can be easily inferred that this is so useful for people who lack mobility and suffer muscle diseases such as sclerosis, or hardening of the brain tissue, and muscle paralysis.
In this study, important papers presented between 2010 and 2015 are reviewed. These articles are about emotion recognition through brain signals using different methods. Majority of them have used two-dimensional (2D) arousal-valence model proposed by Russell [1] or 3D arousal-valence-dominance model which has dominance for controlling the emotions. Considering to previous works, deep learning is a way to improve the accuracy of emotion recognition in EEG brain signals.
In this method, according to previous research conducted at Malek Ashtar University, it is required to remove noise from signals to increase the accuracy of diagnosis in different applications. Imani et al. [2] conducted a study as "investigating independent-component analysis (ICA) algorithm to distinguish between two conceptual groups of risk and informing words using traffic signs" and proposed ICA algorithm as one of the best methods to eliminate noise from EEG brain signals. This method has also been used by Imani et al. [2] in their study entitled as "evaluation of the performance of the separator and the extracted features to differentiate patterns of brain related to mental activities associated with the four cardinal directions," who presented more appropriate and acceptable results compared to previous research; accordingly, it is decided to benefit from this method in the current study.
Research Significance and Objective
The main objective of this study is to improve emotion recognition through aroused brain signals using deep learning, which is one of the identification and classification methods.
Given the application of this research, the significance of this study can be studied from various aspects. One of these aspects is helping solve some problems for amyotrophic lateral sclerosis patients. These patients lack muscle mobility and this method can be used to help them express their feelings. Another aspect is this method's military use for the diagnosis of mental states such as distress and anxiety in the soldiers. On the other hand, it is possible to detect a liar, which is one of the most used one in the detection of emotions. Further, given that this research field is new, this research can be suitable for research and development in other fields related to this issue.
10-20 standard
In 1949, 10-20 electrode positioning method was known as an international standard that could cover almost all the areas of head by the electrodes. Electrodes are chosen based on particular parts of the skull. The electrodes are placed in the areas of intersection of the skull, and other central electrodes are arranged based on the 10% and 20% of the whole distance [ Figure 1 ]. [2] 
Emotion recognition
Happiness, sorrow, fear, sadness, and more! All these words are derived from a concept called emotion. It can be said that this concept is in all creatures on earth. These feelings are stimulated and aroused by different situations. To stimulate and arouse emotions, it is needed to stimulate person by a stimulus so as to arouse feelings in the person. The stimulus can arouse emotions through all five senses of sight, taste, hearing, smell, and touch.
Emotion recognition can be done in different ways on different grounds. Emotion recognition can also be used in various areas and affect them. One of the applications of emotion recognition is helping those who are not able to mobilize and are paralysis, or it can be helpful in the treatment of depression. Emotion recognition, as noted, can be done in several ways. One approach is using brain signals for emotion recognition after recording brain signals. Given that all activities occurring in the body are processed in the brain, electrical brain signals that are created as a result of brain nerve cells' activities can be used for emotion recognition. The most important model for emotion recognition is arousal-valence model proposed by Russell. [1] This model is a 2D model that includes all the feelings. In addition, another model that was more comprehensive was proposed by those who proposed the 2D model, in which emotion control aspect was also added. This model is used as a reference model for emotion recognition either through brain signals or through other methods.
Arousal-valence model
The model was presented in an article published in 1980 by Russell. [1] In this model, all the feelings of people are placed on a page that has 2Ds of valence and arousal. This page is divided into four parts by these dimensions. People's different emotions are placed in these four areas and given the amount of valence and arousal of each emotion; the feeling is placed in a level of this model. Vertical dimension is arousal and horizontal dimension is valence [ Figure 2 ]. [1] For example, since excitement is an inner sense with high valence and great arousal, it is located in the top right quadrant of the model. The opposite of excitement is depression which is located in the bottom left quadrant of the model. This model has been used in most of the researches carried out in the field of emotion recognition. It can be divided into various levels according to valence and arousal of different emotions. Given the complexities of emotion recognition, emotions are usually recognized in two or three levels in different studies. For instance, Hatamikia et al. [3] in 2014 recognized emotions in both two and three levels. There is another dimension which called 
Challenges
Despite the various studies conducted on emotion recognition, there are still major challenges. Among all challenges in this field, how to remove unwanted noise in the recorded signal signals is one of the important issues. To remove unwanted noises, some methods have been used in different studies, but it has been proven that using combined methods such as the combination of wavelet decomposition and ICA has superior performance compared to the native wavelet or ICA separately. [2] Combination of two methods such as empirical mode decomposition and canonical correlation analysis has a better performance in removing noises compared to using canonical correlation analysis solo. Moreover, combination of empirical mode decomposition and ICA has had better performance than ICA. [2] The main challenge in these systems is improvement of performance, especially accuracy of emotion recognition. This is related to different categories and just one factor cannot be effective in improving the performance of emotion recognition in brain signals. Among the factors that contribute to this improvement, selection of the optimal feature as well as the selection of appropriate category to classify the feelings extracted from brain signals is more important to others. These two factors are somehow linked together and we can say that proper selection of features will improve the classification performance by sure.
Another factor that affects the accuracy of the results is the number of levels in the arousal-valence model of emotions. As was mentioned earlier, the reference model used for emotion recognition is 2D arousal-valence model proposed by Russell in 1980 . [1] The number of levels studied in this model can affect the performance and accuracy. In this regard, the study of Hatamikia et al. [3] in 2014 on DEAP datasets well represents this issue. The accuracy of recognition of two levels in the dimension of valence in their study was equal to 72.23 and was 74.20 in the dimension of arousal; however, when they were attempted to recognize at three levels, the accuracy values were reduced to 61.1 and 65.16, respectively.
The most important classification methods used
To recognize emotions through brain signals, there is a need to methods that can be used to identify and classify signals related to emotions arouse by stimuli and displayed in brain signals. Machine learning methods can be used to detect emotions in the brain signals. One of the most important elements in this task is the classifier. The most widely used classifiers in different studies are described in [ Table 1 ].
Materials and Methods
Based on previous works in this fields such as Imani et al [2] , it decided to use ICA for removing the noises from the raw EEG signals in this study. According to other studies conducted on emotion recognition that mentioned before and also employment of deep learning in different studies for sound detection, a four-step process is proposed. The four steps include: 1. Preprocessing 2. Extracting features 3. Dimension reduction 4. Emotion identification and estimation.
Each step also has several substeps. To increase accuracy of emotion recognition, it is necessary to carry out each of these steps and their substeps in a way that the highest possible accuracy achieved. To find the optimal choice in some of the steps of these layers, different tests have been conducted. The first step, preprocessing, includes the following four substeps: 1. Noise reduction 2. Selecting the appropriate signals 3. Filtering for extracting the five principal bands of EEG signal 4. Selecting the appropriate bands to recognize emotions.
The second step also includes the following steps for desired feature extraction, i.e., linear frequency cepstral coefficient (LFCC). The steps also include: After this, step 3 starts, i.e., dimension reduction using Kernel Fisher discriminant analysis (KFDA) algorithm. Contd... Finally, in step 4, emotion detection and estimation, after testing both deep neural network and deep belief neural network (DBN), attempted to estimate and recognize emotions through EEG signals. Then, recognition accuracy of each deep learning methods is calculated using mean square error (MSE).
It should be noted that this study has been carried out at two two-class and three-class levels of Russell reference model. [1] In previous studies, which were described in detail, accuracy of three-class recognition was lower than two-class recognition, and it is one of the challenges of emotion recognition. In this study, both levels were tested by the proposed method [ Figure 3 ].
DEAP dataset
This dataset prepared by Koelstra [8] in collaboration with four universities of EPFL, Genève, Twente, and Queens Marry for Emotion Analysis using EEG, physiological, and video signals. DEAP contains some video clips to stimulate emotions and recorded brain signals of the experimented individuals. It was the first standard dataset which attempted to incite people by video clips and induces emotions in the brain signals. The data has been prepared from 32 participants during the 40-min movie watching. Face of the 22 out of 32 participants was recorded as videos. This dataset is publicly available via a dedicated website at Queens Marry datasets.
Testing the best window for extracting linear frequency cepstral coefficient feature
In the step of feature extraction from DEAP dataset, i.e., LFCC feature extraction, there are some steps there, one of them called windowing.
In this part, four known and most widely used windows were tested to find the best window. The four windows are: 1. Hamming 2. Hanning 3. Black-Man 4. Rectangle.
The process of testing the best window is such that for each window, for all the individuals and tests conducted in DEAP dataset, LFCC feature extraction is done based on that window, and then, 3Ds of emotion, i.e., arousal, valence, and dominance, were estimated. The input data were first preprocessed to remove their noise. Then, 32 EEG channels were selected and applied filter to extract the main five EEG bands.
After that, two bands appropriate for emotion recognition were selected according to reference. [7] Then, feature extraction starts. At this point, the data are divided into 1-s frames, and on every frame, one window of above-mentioned four windows is applied every time. According to the research of Imani et al., [2] window size was considered 512. After that, FFT is taken from results obtained and 21 filter banks with 50% overlapping are applied on it. In this experiment, the number of filter banks is fixed and considered to 21 to simplify calculations and carry out experiments in the same environment. Here, according to the range of 8-30 Hz, which is related to the alpha and beta bands, by applying a triangular filter with size 2 and an overlay of 50%, there are exactly 21 filters in this range.
After extracting the data of this step, logarithm and DCT is calculated for them. After that, according to paper, [5] KFDA with Gaussian Kernel is used for dimension reduction and emotion estimation for three dimensions of arousal, valence, and dominance is done. It should be noted that to obtain better features with fewer dependency to the other dimensions; dimension reduction is conducted for three times.
Three DBNs have been used for estimation so that each of them estimates one dimension and give better results as much as possible.
For selecting data for estimation, cross-validation method is used in this study. In this way, 25% of data are allocated for testing, 25% for validating, and the remaining 50% for training. Data selection process is done randomly.
After applying these settings, DBNs are trained and then tested. Finally, their results were compared based on different windows. This comparison was done as person-to-person and also as average of all patients. The accuracy of the results is calculated using the MSE. After that, considering the results of the comparison, the best window to estimate emotions is selected. It should be noted that this experiment was conducted in a two-class level.
The mean results of experiment on four tested windows are shown in Table 2 .
Testing the number of filter banks
In this experiment, according to previous research on the use of filter banks whether with the use of Mel-frequency cepstral coefficients or other methods such as LFCC, a range of 10-number widely used filter banks are selected to choose the most appropriate number for emotion recognition and estimation. The range is from 20 to 29.
The process of testing the most appropriate number of filter banks for extracting features to recognize emotions in brain signals is the same as testing the most appropriate window with the exception that the window in this experiment is hamming and filter banks presented in Table 3 are tested for all the experiments of individuals in DEAP dataset. This means that after framing and applying Hamming on data and taking FFT, a different number of filter bank is applied based on Table 2 and then their logarithm and DCT are calculated. The experiment is done for all elements of the row of filter bank in Table 3 .
Similar to window testing, KFDA with Gaussian Kernel is used for dimension reduction for all 3Ds, three times, and three DBNs are used for emotion recognition. The structure of neural networks used in this test is similar to the test of the most appropriate window. Finally, the accuracy of the results obtained using MSE is calculated and results of each filter bank are compared to other results. It should be noted that experiment of this section is also two-class.
Results and figures related to mean recognition accuracy
According to tests performed by different studies, the mean recognition accuracy using different filter banks is required to make a decision to choose the most appropriate number of filter banks to increasing recognition rate. The mean results of recognition accuracy based on different number of filter banks are shown in Table 4 .
Test of emotion recognition in brain signals
At this step, after setting the previous steps for emotion recognition, the test of the most appropriate window and the appropriate number of filter banks with the results of Kaiser with the parameters of Hamming window and 26 filter banks, deep neural networks and DBN were 1  20  2  21  3  22  4  23  5  24  6  25  7  26  8  27  9  28  10  29 tested to recognize emotions. The test is done in two two-class and three-class levels that cover two levels of the reference model of Russell and three levels of it. The process and results of these tests at two levels are as follows.
Test conducted by deep neural network
In this test, LFCC features, extracted from the proposed method based on Kaiser Window with parameters of Hamming and 26 filter banks and after dimension reduction by KFDA algorithm with Gaussian Kernel, were entered to the deep neural network with the following structure to estimate and recognize emotions.
As seen in Figure 4 , the network is composed of layers including an input layer with 32 neurons, three hidden layer with 70, 70, and 200 neurons, respectively, and an output layer with one neuron. This type of network is fitnet and its learning function is selected as trainscg.
To obtain appropriate results of each emotion dimensions, obtained LFCC features based on the dimension are trained, validated, and tested each time so as to obtain better accuracy for each dimension.
Dividing of input data or LFCC features extracted from data is done using cross-validation. By this method, 50% of extracted LFCC features are used for training, 25% for validation, and 25% for testing.
Finally, after receiving outputs of mentioned deep neural network, detection accuracy is measured using the MSE.
Test conducted by deep belief neural network
Like previous test, LFCC features, extracted from the proposed method based on Kaiser Window with parameters of Hamming and 26 filter banks and after dimension reduction by KFDA algorithm with Gaussian Kernel, were entered to the DBN with the following structure to estimate and recognize emotions.
As seen in Figure 5 , the network is composed of three restricted boltzmann machine (RBMs) of size 50, 50, and 100.
To obtain appropriate results of each emotion dimension, obtained LFCC features based on the dimension are trained, validated, and tested each time so as to obtain better accuracy for each dimension.
For carrying out this test, three DBNs have been used and the structure of each of them is as follows: 1. All three DBNs used are function approximation 2. Sampling method for all of them is Free Energy in Persistent Contrastive Divergence 3. They are composed of three RBMs 4. The network units are probability type with actual quantities between [0, 1] 5. The first RBM is 50 6. The second RBM is 50 7. The third RBM is 100 8. All RBMs are of generative type 9. The maximum number of steps taken in the training process executed on the entire training data for each three RBMs is considered to be 50 10. DeebNet toolbox has been used for DBNs implementation. [23] Finally, after receiving outputs of mentioned DBN, detection accuracy is measured using the mean square error.
Results
The results of this experiment are as follows:
Results of emotion recognition test using deep neural network
Based on the details given in previous sections, the results of conducting emotion recognition test at two-class level in Russell's model using the proposed method by deep neural network estimator is shown in Table 5 . The results of conducting emotion recognition test at three-class level in Russel's model using the proposed method by deep neural network estimator is shown in Table 6 .
Results of emotion recognition test using deep belief neural network
The results of conducting emotion recognition test at two-class level in Russell's model using the proposed method by DBN estimator is shown in Table 7 .
The results of conducting emotion recognition test at three-class level in Russell's model using the proposed method by DBN estimator is shown in Table 8 .
Finally, the recognition accuracy obtained from experiments conducted with the proposed method compared to most important studies using the same dataset is shown in Table 9 .
Conclusion
The aim of this study was to improve emotion recognition in EEG signals through deep learning. In this regard, as stated earlier, a four-step method was proposed. Among these four steps, there are some steps which needed further examination for more accurate selection to improve emotion recognition. One of these steps was feature extraction which LFCC features were extracted. Yoon and Chung [22] Koelstra [8] Jirayucharoensak et al. [20] Proposed method by DNN (Me-DNN) As can be seen, the results of this method compared with previous works, both at two-class and three-class levels, show better accuracy. These results show that the proposed method could solve this problem, with higher accuracy.
In the proposed method using deep neural network, the accuracy value obtained had an improvement of 7.38% in two-class level and 3.38% in three-class level for arousal compared to the best accuracy obtained so far, i.e., the study of Hatamikia et al. [3] This improvement is 7.54% and 5.21% for valence.
In the proposed method using DBN, the accuracy value obtained had an improvement of 12.34% in two-class level and 7.74% in three-class level for arousal. This improvement was 12.77 and 8.52% for valence.
Generally, the accuracy improvement can be the result of change in three different parts employed in this experiment compared to previous studies. These changes are: 1. Using all signals without downsampling and noise removal that although increased computation time, affected accuracy, and increased it to the same extent 2. Determining the most appropriate selections in feature extraction section that resulted in increased accuracy compared to other choices 3. Selecting classification that has had very good results in sound recognition section.
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